Introduction
The modernization of a city cannot proceed without traffic modernization. Many cities have established complex transportation networks that present serious challenges to current traffic management and planning. Traditional ground-based systems for traffic monitoring and vehicle detection use video cameras on streets corners or bridges; however, there has been growing interest in the use of satellites because space-borne monitoring can be achieved continuously over long periods and large areas [1] . Most high-resolution optical satellites carry panchromatic (PAN) and multispectral (MS) sensors that are located in different positions, which means there is a short time lag between the acquisitions of the PAN and MS images. This feature can be exploited to estimate the speed of vehicles on the ground.
Various methods have been developed to detect vehicles and estimate their velocities. The techniques for vehicle detection are based on classification [2] , principal components analysis (PCA), Bayesian background transformation [3] , gradient threshold [4] , and top-hat transformation. Furthermore, the displacement of a moving vehicle can be determined by various change detection methods, including image differencing [5] , background modelling [6] , PCA [7] , spectral and spatial (SNS) analysis [8] , and ERGAS-SNS analysis [9] . The detection and speed determination of moving vehicles using very-high-resolution (VHR) images is meaningful for activities such as traffic monitoring, estimation of traffic volume, or urban traffic modelling and planning [10] .
Methodology

Scheme Description
Our proposed approach comprises three major parts: (a) object-based road extraction (classification); (b) moving vehicle extraction using the entropy of the histograms of MS1 (including the blue, green, red, and near infrared 1 bands) PC1, and MS2 (including bands of coastal, yellow, red edge, and near infrared 2) PC1 vehicle images within road boundaries; and (c) using phase correlation analysis to determine the displacement based on Fourier transform, i.e., normalized phase correlation (NPC). Then, the speed of the vehicle is estimated using the time lag between two MS images. Flowcharts of these three major components are illustrated in Fig. 1 . Figure 1 . Flowchart of the proposed phase correlation-based speed determination.
Road Extraction
For road extraction, we employed object-based image analysis, i.e., rule-based classification using ENVI 5.1 software. The first step is segmentation, which is the process of partitioning the image into a set of discrete non-overlapping regions (image objects) based on internal homogeneity criteria [11] . In this study, the scale level was 30 and the merge level was 90. The second step is rule-based classification, which is the process of extracting features that meet the defined criteria. Only one rule that is about the covered area of one image object has been developed here. The results of the road extraction are shown in Fig. 2 . 
Moving Vehicle Location Extraction
Although most vehicle pixels are mixed with those of the road, which makes it difficult to accurately extract the edges and positions of the vehicles, only their approximate locations are required in the subsequent phase correlation matching. As thresholding is a basic tool used in pattern recognition to distinguish between two or more regions within a population, an algorithm is required to achieve automatic thresholding.
Kapur modified Pun's algorithm based on the entropy concept and proposed a new algorithm for thresholding [12] . Generally, the one-dimensional Kapur's entropy algorithm is superior to other entropy algorithms. If we let t be the threshold value and pi be the probability distributions of grey levels, then the two probability distributions of the object and background are:
The entropies associated with each distribution are as follows:
where , , and are as follows:
Kapur defined the criterion function ψ(t) by the sum of H(O) and H(B) (Eq. 6).
We maximize ψ(t) to obtain the maximum information between the object and background distributions in the image. The discrete value t that maximizes ψ(t) is the candidate threshold value.
To obtain the precise locations of a moving target vehicle in two MS images (Fig. 3) , a suitable trade-off between maximizing ψ(t) and having a reasonable amount of black and white pixels for good thresholding is required. In our study, the precise threshold value segmenting each MS image of a moving vehicle is the value that not only ensures ψ(t) is sufficiently large, but also makes the NPC largest at this value. ln 1 1 Figure 3 . The NPC value of a moving target in ideal condition (without any noise).
Methodology of Phase Correlation
The baseline method of phase correlation is based on the Fourier shift theorem, which states that a shift in spatial domain will lead to linear phase differences in the Fourier domain. For two images with some degree of congruence, the signal power in their cross-power spectrum is mostly concentrated in a coherent peak located at the point of registration, while the noise power is distributed randomly in some incoherent peaks. Let f1(x, y) and f2(x, y) be two functions that differ only by displacement (x0, y0), i.e.:
f2(x, y) = f1(x + x0, y + y0)
F{f1(x, y)} = F1(x, y) (8)
where F denotes the Fourier transform. Then, according to the Fourier shift theorem
Therefore, the phase difference can be obtained using the normalized cross-power spectrum as given below:
where * indicates the complex conjugate and the left-hand side is referred to as the cross-power spectrum of the two functions (actually, it is their normalized cross-power spectrum).
It is now a simple matter to determine x0 and y0, since the inverse Fourier transform of the right-hand side is a Dirac delta function centred at (x0, y0):
In practice, when dealing with images, f1 and f2 are only specified in finite-sized discretized arrays. Replacing the Fourier transform by its finite-sized discrete version (we used the function "fft2" and "ifft2" in Matlab 2012a) while assuming periodic extension of the images, and also replacing the Dirac delta function by the unit impulse (also known as NPC), it has been shown that the above results still hold, despite the periodicity assumption and the fact that truncated discrete Fourier coefficients are employed [12] (Kuglin and Hines 1975). We can perform an ideal experiment as outlined in the following. Suppose we have defined two two-dimensional arrays that indicate two images. The objects whose values are identical (e.g., 200) represent the same vehicle that has moved some distance and the background values are zero. As a spatial displacement corresponds to a linear phase difference, we can match the two images by computing the NPC. As indicated in Fig. 3 , the NPC is a unit pulse and the peak value is 1. The peak position (100, 100) indicates the displacements in the x and y directions. Finally, we can derive the total displacement of the vehicle and its speed.
In practice, when dealing with VHR images, the NPC value is normally <1 because of the influences of noise and mixed pixels. Therefore, we must establish the most accurate threshold possible to reduce the effects of background noise and extract the vehicle.
Experiments and Discussion
The proposed method was applied to a WorldView-2 (WV-2) image covering the North Fifth Ring Road of Beijing. The image was obtained at noon on 8 November 2010. Conveniently, 12 MS PC1 sub-images of moving vehicles (vehicles 9, 10, and 11 are dark coloured, whereas the others are light coloured) were generated manually (Fig.4(a and b) ), which of course could be achieved automatically using rule-based object-oriented classification or some other classification method, but that is not the focus of this study. When creating a sub-image, not only the entire vehicle needs to be included, but also its surroundings such as the road and its shadow (Fig. 4 (c) ). Then, we recognized the vehicles using the method outlined in sub-section 2.2. Finally, the NPC and displacements of the moving vehicles were calculated using the method described in sub-section 2.3, and the velocities of the vehicles estimated. Taking the MS PC1 sub-image pair for Vehicle 6 as an example (Fig. 4(c) ), the histogram entropy method was used to obtain the threshold values from the two images, shown as the black dotted lines in Fig. 5 (196 and 195 for MS1 and MS2) . Then, because of the influence of mixed pixels around the vehicles, we increased the threshold value for a light-coloured vehicle and reduced it for a dark-coloured vehicle in order to extract the vehicle precisely. Thus, we established the relationship between the change of the threshold values and the NPC for two MS PC1 images. Fig. 6 shows that the NPC has a maximum value when the threshold values are increased by 14 and 4 to 210 and 199, respectively, as illustrated by the red solid lines on the criterion function curves in Fig. 5 , and the result of NPC analysis for vehicle 6 is shown in Fig. 7 . Finally, the extraction results for Vehicle 6 are shown in Fig. 8 , from which the speed was estimated to be 76.47 km/h.
As can be seen in Fig. 9(a) , each sub-image pair matches reasonably well for the selected vehicles. Most NPC values are above 0.6, but reach as high as 0.9993 for Vehicle 3, which indicates that our proposed method is efficient for vehicle extraction. Fig. 9(b) shows that most vehicles maintained their velocities between 60 and 90 km/h. The vehicles have an average speed of 81 km/h, which indicates that they were running smoothly and that traffic pressure was very low. Furthermore, the results show that the vehicles were within the speed limit (100 km/h for North Fifth Ring Road); Vehicle 9 was fastest with a speed close to 100 km/h. The black dotted line indicates the initial threshold, whereas the red solid line indicates the final threshold.
(a) (b) Figure 6 . Both (a) and (b) indicate the relationship between the increments of the two threshold values of MS1 PC1 and MS2 PC1 images and their NPC values, except that they are observed from different perspectives. We can get the slight increments (14 and 4) where the maximum NPC is appeared in (b) so that the final thresholds (210 and 199) could be calculated with MS1 PC1 and MS2 PC1 images respectively. Figure 7 . The result of the NPC analysis for Vehicle 6 using MS1 PC1and MS2 PC1 images (refer to Fig. 4 (c) ). The maximum value 0.98 appears at the location (11, 1) , which means the Vehicle has moved 11 pixels and 1 pixel in the directions which are along the road and perpendicular to the road, respectively. 
Summary
A new method for the automatic extraction of information on moving vehicles using WV-2 imagery was presented. Vehicles were extracted using the one-dimensional Kapur's entropy algorithm from resampled MS PC1 images with a resolution of 0.5 m. However, we adjusted the threshold values by finding the relationship between the increments of the candidate threshold values and the NPC. Then, the phase correlation method, which is relatively scene-independent and avoids ambiguities that arise through the use of circular cross correlation (Kuglin and Hines 1975), was employed to compute the displacement of the moving vehicles. Finally, the velocity of the moving vehicles could be determined from their displacements in the MS images. The experimental results showed that the proposed method could effectively extract the roads and the moving vehicles within the road boundaries and estimate their velocities. We recognize that the proposed method has potential for traffic monitoring and planning.
